Reducing the use of nitrogen fertilizers and returning straw to field are being promoted in northeast China (NEC). In this paper, the agricultural production system model (APSIM) was applied to assess the long-term variations of crop yield and soil GHG emissions in a maize mono-cropping system of NEC, and the simulation results were combined with lifecycle assessment to estimate annual GHG emissions (GHG L ) and GHG emission intensity (GHG I , GHG emissions per unit yield) of different agricultural practices. Under current farmers' practice, emissions due to machinery input (including production, transportation, repair, and maintenance) and soil organic carbon (SOC) decline accounted for 15% of GHG L , while emissions from nitrogen fertilizer input (production and transportation) and direct N 2 O emissions from soil accounted for the majority (~60% of GHG L ). Current farmers' practice in terms of N application and residue management are nearly optimal for crop production but not for climate change mitigation. Reducing N input by 13% and increasing straw retention by 20% can maintain crop yield and SOC, and also reduce GHG L and GHG I by 13% and 11%, respectively. However, it is not feasible to incorporate the straw used as household fuel into soil, which could incur substantial fossil CO 2 emissions of 3.98 Mg CO 2 -eq ha −1 resulting from the substitution of coal for straw. APSIM was successful in simulating crop yield, N 2 O emissions, and SOC change in NEC, and our results highlight opportunities to further optimize management strategies (especially for the nitrogen and straw management) to reduce GHG emissions while maintaining crop yield.
Introduction
Agricultural production has a significant impact on global climate change. About 65% of global nitrous oxide (N 2 O) emissions derive from agricultural soils, mainly attributed to nitrogen (N) fertilizer application [1] . China is the largest N 2 O emitter, accounting for 31% of global emissions [2] .
Agricultural soils may be a significant sink or source of atmospheric CO 2 depending on agricultural practices. For example, some management practices, such as residue removal or burning, can lead to soil C decline and exacerbate gaseous emissions [3, 4] , while other management practices (e.g., returning residue, adding manures) can reduce C losses or enhance C sequestration in agricultural soils [5, 6] . Increasing SOC stocks of agricultural soils (top 1 m of soil) by 0.4% can offset about 30% of global greenhouse gas emissions [7] . However, SOC change is tended to be ignored when estimating GHG emissions of different management in the short term [8] [9] [10] [11] . In addition to the soil CO 2 and N 2 O emissions, CO 2 emissions from agricultural inputs (e.g., fuel combustion, production, transportation, and application of fertilizers, pesticides, etc.) are also a significant component of the carbon footprint [12, 13] .
In China, cropping systems for grain production are a net source of GHG emissions from a lifecycle perspective [14] , and it is of significance to assess the mitigation potential of different management practices in agriculture. N fertilizer is being overused at a national scale, and thus optimizing N management is a priority for sustainable agriculture [15] . Incorporating crop straw into soil could mitigate GHG emissions; however, when the straw used as household fuel is returned to the field, farmers may have to use fossil fuels instead and emit fossil CO 2 to the atmosphere, which is rarely considered when promoting straw retention [7, 14, 16, 17] . Additionally, previous studies have included CO 2 emissions from fossil fuel consumed by machines on cropland in China [9, 14, 18, 19] , and a detailed accounting of machinery emissions from manufacture, transportation, and repair and maintenance is still lacking because of the complexity of farmers' practices and limited data availability.
Maize (Zea mays L.) is one of the most widely grown cereal crops in the world. Improving the management of maize systems will have a significant effect on global food security and the environment. In Northeast China (NEC), rainfed mono-cropping maize is widely grown. About 65% of croplands are cultivated for maize, accounting for 33% of the total maize-growing areas and 36% of the total maize yield in China [20] . The Chinese government is trying to control nitrogen fertilizer usage and promote straw retention for sustainable development of agriculture in NEC [21] . Thus, understanding how GHG emissions and maize yield respond to management practices in NEC will provide useful information to assess the potential of maize systems to maintain or increase yield and mitigate GHG emissions and climate change.
A systems approach is required to assess the crop yield variation impacted by long-term climate variability and management interventions, and to account for GHG emissions from the production system. Simulation modelling combined with a lifecycle analysis provides an effective means for such an assessment. The APSIM (agricultural production system model) simulates the responses of both productivity and environmental impacts (e.g., soil carbon change, GHG emissions, N leaching) of cropping systems to environmental changes and management interventions [22] . APSIM has been successfully used in NEC to evaluate the impact of climate and management variations on crop productivity and SOC change [23] [24] [25] . However, it has not been tested to evaluate the influence of management practices on N 2 O emissions and to account for the whole GHG budget in the maize mono-cropping system of NEC.
In this study, we conducted an interview survey to obtain current farmers' agricultural practices (CFP), including farm machinery, fertilizer application, pesticide, and tillage. We used the APSIM model to simulate the long-term dynamics of crop growth, N 2 O emissions, and SOC change under different management conditions using representative soil and climate data of the studied area. Then, a lifecycle assessment (LCA) was conducted to provide a full assessment of GHG emissions by taking into account the soil N 2 O and CO 2 emissions, and CO 2 emissions associated with agricultural inputs and farm machinery. The objectives are to: (1) Further test the APSIM model to simulate crop yield, soil water, and N dynamics, and N 2 O emission under different managements at the Gongzhuling site in NEC; (2) assess the GHG emissions and GHG intensity under current farmers' practices using the LCA approach combined with APSIM modelling; and (3) identify strategies to reduce GHG emissions while maintaining crop productivity in NEC. 
Materials and Methods

LCA Assessment of GHG Emissions
Life-Cycle Inventory Analysis
The goal of the LCA was to compare GHG emissions from a maize mono-cropping system under current farmers' practices (CFP) with that under alternative managements in northeast China. The functional unit that determines the scope and system boundary of this LCA was: (1) One hectare of cropped land; and (2) the production of one megagram (Mg) of maize.
A lifecycle inventory (LCI) was developed consisting GHG emissions from three stages: pre-farm, on-farm, and post-farm. Pre-farm emissions included those that resulted from the production and transportation of inputs to the field, such as N fertilizer, herbicides, diesel fuel, and machinery. The on-farm emissions included those that resulted from farm machinery operations (e.g., sowing and harvesting), soil N 2 O, and CO 2 emissions that occurred in the field. The post-farm emissions included GHG emissions from the transportation of maize to home.
Information about CFP was collected by interviewing 104 local farmers and 26 agricultural machine operators at Changtu County, adjacent to Jilin province, in 2013 (Table 1) , where the spring maize mono-cropping system and farm management are representative of most agricultural areas in NEC. The surveyed average N rate (199 kg N ha −1 ) of Changtu County is comparable with the surveyed N rate (202 kg N ha −1 ) of 110 farmers in Gongzhuling and Yushu Counties of Jilin Province from Liu et al. [26] , and the surveyed N rate (207 kg N ha −1 ) of 443 farmers in the same cropping system in northeast China from Gao et al. [27] . The values in parentheses represent the standard deviation. a Because of low fees and local government support for the use of combine harvesters, it will be widely adopted in the future [28] and was added for estimating GHG emissions in this study. Additionally, straw is also simultaneously chopped by harvesters when harvesting. In the whole country of China, since the combine harvester could conduct trans-regional operation, the average harvested area by machines for maize from MAPRC [29] was directly used as its annual operating area without considering regional differences.
In spring, after ridge tillage with a rotary tiller to a 0.16-m depth, seeds were sown at~6 plants m −2 by mechanical seeders between 20 April and 5 May. Thereafter, soil was slightly compacted using a roller on the ridge. Maize was harvested before 1 October each year. N, P, and K were applied as basal fertilizers using a mechanical seeder. The herbicides were sprayed once by a tractor sprayer. The insecticides were replaced with Trichogramma wasps to control insects. No irrigation was applied. In Jilin and Liaoning provinces of northeast China. In total, 50% and 18% of the maize straw was used as energy fuel for livelihood and feed for livestock, respectively, 20% was directly burned or abandoned, and only 10% was returned to the field according to the survey results [30, 31] . Because the average straw-to-grain ratio is nearly 1 for spring maize in northeast China [32] , we assumed the diesel fuel consumption in the transportation of straw (50% of the total straw) from the field to farmers' homes was half of that of grain yield transportation. In this paper, the GHG emissions relating to livestock feeding of the 18% of maize straw were not considered. 
Calculation of Greenhouse Gas Emission
Based on above lifecycle inventory analysis, we calculated the total annual greenhouse gas emissions (GHG L ) and GHG emission intensity (GHG I ):
where,
and,
where GHG L is the average total GHG emissions per unit area per year calculated using lifecycle methods and Y A is the average yield per unit area per year. N 2 Od is the direct emission of N 2 O from soil, which was simulated by APSIM (see details below). N 2 Oi is the indirect emissions of N 2 O from N fertilizer, produced subsequently from N leaching and runoff, and deposition of volatilized NH 3 and NO x , which was estimated using the IPCC approach [33] . In brief, the fraction of total N inputs that is volatilized as NH 3 -N was estimated based on the correlation between the fraction of volatilized NH 3 -N and the applied N (see Supplementary Materials Figure S1 ), and the amount of N leaching/runoff was estimated by the APSIM model. The number 298 is the 100-year global warming potentials of N 2 O compared with CO 2 [34] . dSOC is the SOC change in the 0 to 30 cm soil depth (positive value indicates carbon sequestration and negative value for carbon loss) predicted by the APSIM model (see details below). The value of 44/12 is the conversion factor from carbon to carbon dioxide. The CO 2 from straw burning is considered neutral in the calculation of lifecycle GHG emissions, because it is originally from the atmosphere in the short term. GHG-input is CO 2 -eq emissions from agricultural inputs (mainly production and transportation) based on the above lifecycle inventory, including CO 2 emissions from the combustion and production of diesel fuel used in agricultural machinery operations (tillage, sowing, base fertilizer application, harvesting, pesticide application, and grain transportation), and from production and transportation of machinery, fertilizers, pesticides, and seeds. These emissions were calculated using the CO 2 -eq emission factors (see Supplementary Materials Table S1 ) except for machinery, because machinery are not one-time consumable items. The emissions of machinery from manufacture, transportation, and repair and maintenance can be estimated from Supplementary Materials Formulas S1 and S2.
APSIM Model and Simulations
APSIM contains a suite of modules that simulate biological and physical processes in farming systems, including crop growth, soil water, and carbon and nitrogen dynamics, as impacted by climate variation and management intervention and their interactions [22] . APSIM version 7.5 was used in this study. It runs at a daily time step, and requires daily meteorological data as input, i.e., daily maximum and minimum temperature, rainfall, and solar radiation. Maize crop development is simulated as a function of thermal time modified by photoperiod effect. Biomass growth is determined by either radiation use efficiency (RUE) multiplied by light interception or transpiration efficiency multiplied by available water supply, whichever is smaller. Grain yield is simulated using a grain number and grain size approach.
Soil organic matter in the model is divided into four conceptual pools, including fresh organic matter (FOM) pool, a more active microbial biomass (BIOM) pool, a humic (HUM) pool, and an inert pool [35, 36] . Decomposition of each pool is calculated as a first-order process with the rate constant being modified by soil temperature, moisture and C:N ratio. In the APSIM model, the fraction of inert organic carbon is one of the most important parameters affecting long-term SOC dynamics [37] . It is difficult to calibrate the parameters for simulating SOC dynamics without long-term data on SOC, crop biomass, and management. Fortunately, Wang et al. [24] performed the calibration and validation for SOC simulation using 15-year data of three treatments at the same site. Thus, we used the same parameters for SOC simulation as in Wang et al. [24] .
APSIM simulates N 2 O emissions from both nitrification and denitrification processes. N 2 O emissions during denitrification is predicted by combining the rate of denitrification with the ratio of N 2 to N 2 O emitted during denitrification [38, 39] , and N 2 O emission during nitrification is calculated as a proportion (0.002) of nitrified N [40, 41] . Further details are described by Thorburn et al. [39] . Based on N 2 O emissions measurements from a two-year field experiment conducted in Huantai County of North China Plain, APSIM was directly validated for N 2 O simulation with the parameters mentioned in [40, 41] , and the results showed that it was successful in simulating N 2 O emissions [42] . Thus, we used the same parameters for N 2 O simulation in this study.
Field Site and Experimental Data
A two-year (10/2009-4/2012) field experiment was conducted at a site on black soil in Gongzhuling County (43 • 30 N, 124 • 48 E), where it has a similar climate and agricultural management to the Changtu County. The annual mean air temperature and precipitation were 5.6 • C and 568.8 mm, respectively. The soil was sampled on 28 October 2009, and the soil properties are given in Table 2 . Table 2 . Soil properties of the experiment at Gongzhuling.
Depth
(m) BD-bulky density, LL-lower limit of plant extractable water content, DUL-water content at drained upper limit, SAT-saturated water content, SOC-soil organic carbon, Ini-initial (28 October 2009).
The experiment consisted of five treatments in 2010: N 0 MN 0 , N 230 MN 0 , N 270 MN 67 , N 230 MN 84 , and N 320 MN 101 , where Nx and MNy denote x kg of total chemical fertilizer nitrogen (N) and y kg of manure nitrogen (MN) per hectare. In 2011, the total amount of chemical fertilizer nitrogen (N) applied in N 0 MN 0 and N 230 MN 0 remained unchanged, while that of N 270 MN 67 , N 230 MN 84 , and N 320 MN 101 in 2010 were reduced to 200, 200, and 280 kg N ha −1 , respectively. Four replicates (6 m × 24 m) for each treatment were laid out in a randomized block design. The applied chemical N fertilizer was urea, and the manure, with a carbon content of 32% and C/N ratio of 24 for dry matter, was obtained from a nearby dairy farm. Details on the fertilizer applications in each treatment are listed in Table 3 . The crop was sown on 22 April in 2010, 6 May in 2011, and 24 April in 2012. After harvest, all residues were removed, and the dry yield was determined. Details on the measurements of soil NH 4 -N (10 April-27 November, 2010), NO 3 -N (10 April-27 November, 2010), and soil water (7 April-28 August, 2010) in the 0 to 0.2 m soil profile, nitrous oxide emissions (12 April, 2010-28 April, 2012), and grain yield (2010-2011) are described in Guo et al. [43] . Table 3 . Amounts and dates of urea and manure applications under different fertilizer treatments at Gongzhuling.
Date of Fertilization (Day Month Year)
Fertilizer Type NxMNy: N and MN denote chemical fertilizer nitrogen and manure nitrogen, respectively; x and y both denote the application rate of the corresponding fertilizer.
Amount of Fertilizer Application (kg N ha
Meteorological Data
Climate data from 1971 to 2015, including daily maximum and minimum temperature, rainfall, and sunshine hours, were obtained from the nearest weather station in Changchun and were used for long-term simulation of a continuous maize system. Daily sunshine duration was converted into daily solar radiation for APSIM simulations using the Ångström formula [44, 45] . The climate data (daily rainfall, and daily maximum and minimum temperature) from 2009 to 2012 at Gongzhuling were used for calibration and validation of the APSIM model for simulation of soil inorganic nitrogen (NH 4 + and NO 3 -), soil water, N 2 O emissions, and grain yield.
Model Calibration and Validation
In our experiment, phenological stages of maize were not recorded. However, the average flowering and maturity dates (day of year) of maize at farmers' fields were separately observed at Siping (43 • [23, 46] , and the four study sites are close to the Gongzhuling experimental site (43 • 30 N, 124 • 48 E). For calibrating the phenological parameters of maize, the sowing date was determined as the day that the rainfall was greater than or equal to 10 mm within five successive days during the sowing period (20 April-5 May). Then, we set the model using the soil properties in our field experiment and the surveyed current farmers' practices, and ran the model continuously from the beginning (1981) to the end (2007) of the above phenological observations. Compared to the flowering and maturity dates from the farmers, we adjusted the phenological parameters of maize using a trial-and-error approach ( Table 4 ). On the basis of the adjusted phenological parameters, we reset the model under the management of N 0 MN 0 and N 230 MN 0 at the Gongzhuling experimental site and re-ran the model from the beginning (October 2009) to the end (April 2012) of the field experiment, and adjusted the grain growth parameters (Table 4 ) by the trial-and-error method based on the observed yield and previous work of Chen et al. [47] and Li et al. [42] 
Scenarios to Assess the Effect of Alternative Management
The government of China is trying to control nitrogen fertilizer supply and return straw to fields in NEC [21] , so the design of the scenarios was associated with nitrogen and straw management. For the following scenarios, we used the same crop parameters and soil parameters that were used in the model calibration and validation, and ran the model continuously for 45 years (1971-2015) to obtain the impact of different residue management on yield, N 2 O, and SOC. Nitrogen fertilizer was assumed as urea for simplicity. We assumed no change in GHG emissions due to P, K, and seed among different scenarios. To highlight the difference between different years of simulation, we presented the average annual maize yield, SOC change (dSOC), direct and indirect N 2 O emissions (N 2 Od and N 2 Oi), and total soil GHG emissions in the first 5, 10, and 20 years and the 45 years of simulation.
Scenario 1: To determine an optimal N rate under 10% maize straw retention in the surveyed current farmers' practice (CFP), 7 levels of N application rates (100-250 kg N ha −1 in 25 kg N ha −1 increments) were used. All other management practices were kept the same as CFP.
Scenario 2: Combined with the optimized N rate for maize yield obtained from scenario 1, 20% of the maize straw burned or abandoned in CFP was returned to the field as well. Based on consultation with farmers and machine operators, to retain these residues, an additional rotary tillage with a diesel fuel consumption of 22.8 (±4.2) kg ha −1 would be required. All the other management practices were kept the same as CFP.
Scenario 3: Combined with the optimized N rate for maize yield obtained from scenario 1, 20% of the maize straw burnt or abandoned and 50% used as fuel for livelihood in CFP were both returned to the field. Based on consultation with farmers and machine operators, a 4-furrow reversible plough before ridge tillage and additional insecticides of about 1.02 kg ha −1 (active ingredient) is needed to incorporate the residue and to control pests, respectively. Diesel fuel used in ploughing is about 45.6 (±6.5) kg ha −1 , and the diesel fuel consumed by the rotary tiller, conducted after ploughing, is reduced by 6.4 (±2.1) kg ha −1 . The annual operating area of the 4-furrow plough was assumed to be the same as the rotary tillage from the survey. All the other management practices were kept the same as CFP. If the straw used as fuel for livelihood was returned to field, farmers had to use wood and coal (mainly anthracite). In Jilin and Liaoning Provinces of NEC, the proportion (16.4%) of wood in rural energy consumption is nearly equal to that of coal (18.4%) [48] , so we assumed half of the straw was replaced by wood and the other half by coal. The CO 2 from wood combustion is considered neutral in the calculation of lifecycle GHG emissions, because it is originally from the atmosphere. Furthermore, 1 kg of dry maize straw with a calorific value of 17 MJ kg −1 [49] is equal to~0.7 kg of coal (mainly anthracite), with a calorific value of 24 MJ kg −1 [50] .
Results
Model Performance
The performance of the calibrated APSIM model in terms of simulating maize yield, N dynamics, soil water, and direct N 2 O emissions from soil is shown in Figures 1 and 2 . APSIM was able to capture the crop phenological stage, i.e., flowering date and maturity data (Figure 1a) , by using the adjusted cultivar parameters in Table 4 . The model also correctly simulated the maize yield change (Figure 1b (Figure 1c ).
The performance of the calibrated APSIM model in terms of simulating maize yield, N dynamics, soil water, and direct N2O emissions from soil is shown in Figure 1 and 2 . APSIM was able to capture the crop phenological stage, i.e., flowering date and maturity data (Figure 1a ), by using the adjusted cultivar parameters in Table 4 . The model also correctly simulated the maize yield change (Figure 1b) . Using the calibrated model parameters based on the N0MN0 and N230MN0 treatments, the model was validated using the observed grain yield from the other three treatments (N270(200)MN67, N230(200)MN84, and N320(280)MN101), with an R 2 (coefficient of determination) of 0.96 and RMSE (root mean square error) of 0.33 Mg ha −1 (Figure 1c ). In general, the dynamics of soil NH4-N and NO3-N in the surface 0.2 m of soil across the different nitrogen treatments were reasonably predicted by APSIM (Figure 2a For N2O emissions from soil, most simulated peak fluxes coincided with chemical fertilizer application or rainfall events, which was not always consistent with the observations, reflecting potential issues in the modelling dynamics of N2O at a daily time step (Figure 2p-t) . However, the model captured the overall trend of N2O emissions and explained 79% of the variation in the total emissions, with an RMSE of 0.70 kg ha −1 (Figure 1d ). In general, the dynamics of soil NH 4 -N and NO 3 -N in the surface 0.2 m of soil across the different nitrogen treatments were reasonably predicted by APSIM (Figure 2a -e, 2f-j), with an R 2 of 0.32 and 0.56, and an RMSE of 25 and 27 kg N ha −1 , respectively. In addition, APSIM captured the changes in soil water content in the surface 0.2 m of soil (Figure 2k-o) , and it explained 80% of the variation in soil water content, with an RMSE of 0.03 m 3 m −3 .
For N 2 O emissions from soil, most simulated peak fluxes coincided with chemical fertilizer application or rainfall events, which was not always consistent with the observations, reflecting potential issues in the modelling dynamics of N 2 O at a daily time step (Figure 2p-t) . However, the model captured the overall trend of N 2 O emissions and explained 79% of the variation in the total emissions, with an RMSE of 0.70 kg ha −1 (Figure 1d ).
Scenario Analysis
Optimized N Rate
Based on the simulated yield response to varying N rates and 10% straw retention, the average grain yield (dry) across multiple years of simulation show no significant difference when the N rate is higher than 175 kg N ha −1 (Figure 3a ). Although the average yield under N rates of 175 kg N ha −1 (45 years) is slightly lower than that under 200 kg N ha −1 , it is not statistically significant (p = 0.73). The leached N (at 1-m depth) increases exponentially with increasing N rates (Figure 3b) , particularly when N rates are >175 kg N ha −1 . Direct N 2 O emissions (N 2 Od) increase with N rates, which is also shown as an exponential curve (Figure 3c ). These results reflect the fact that when the N application rate exceeds crop N demand, N leaching and N 2 O emissions will rapidly increase [2, 51] . Therefore, the optimized N rate is identified as 175 kg N ha −1 , with a similar yield to the N rate of 200 kg N ha −1 (the farmers' N rate), less direct N 2 O emissions, and only 1 kg ha −1 of N leaching. For N2O emissions from soil, most simulated peak fluxes coincided with chemical fertilizer application or rainfall events, which was not always consistent with the observations, reflecting potential issues in the modelling dynamics of N2O at a daily time step (Figure 2p-t) . However, the model captured the overall trend of N2O emissions and explained 79% of the variation in the total emissions, with an RMSE of 0.70 kg ha −1 (Figure 1d ).
Scenario Analysis
Optimized N Rate
Based on the simulated yield response to varying N rates and 10% straw retention, the average grain yield (dry) across multiple years of simulation show no significant difference when the N rate is higher than 175 kg N ha −1 (Figure 3a ). Although the average yield under N rates of 175 kg N ha −1 (45 years) is slightly lower than that under 200 kg N ha −1 , it is not statistically significant (p = 0.73). The leached N (at 1-m depth) increases exponentially with increasing N rates (Figure 3b) , particularly when N rates are >175 kg N ha −1 . Direct N2O emissions (N2Od) increase with N rates, which is also shown as an exponential curve (Figure 3c ). These results reflect the fact that when the N application rate exceeds crop N demand, N leaching and N2O emissions will rapidly increase [2, 51] . Therefore, the optimized N rate is identified as 175 kg N ha −1 , with a similar yield to the N rate of 200 kg N ha −1 (the farmers' N rate), less direct N2O emissions, and only 1 kg ha −1 of N leaching. 
GHG Emissions and GHG Intensity
Under current farmers' practice (CFP, N200St10), total soil GHG emissions (GHG-soil), SOC change (dSOC), and direct and indirect N 2 O emissions (N 2 Od and N 2 Oi) across multiple years of simulation do not show large changes (Figure 4a ). The dSOC in the 45-year simulation is slightly lower than that in the 20-year simulation, suggesting that SOC was reaching an equilibrium. In the 45-year simulation, the total soil GHG emissions are 1355 kg CO 2 -eq ha −1 yr −1 (Figure 4a) , with direct N 2 O emissions as the main source, accounting for 69% of this total emission; the total GHG emissions from agricultural inputs (GHG-input) are 3016 kg CO 2 -eq ha −1 yr −1 (Figure 4e) , with N fertilizer input as the main contributor (55%). The GHG intensity of CFP is 0.49 Mg CO 2 -eq Mg −1 yield. simulation do not show large changes (Figure 4a ). The dSOC in the 45-year simulation is slightly lower than that in the 20-year simulation, suggesting that SOC was reaching an equilibrium. In the 45-year simulation, the total soil GHG emissions are 1355 kg CO2-eq ha −1 yr −1 (Figure 4a) , with direct N2O emissions as the main source, accounting for 69% of this total emission; the total GHG emissions from agricultural inputs (GHG-input) are 3016 kg CO2-eq ha −1 yr −1 (Figure 4e) , with N fertilizer input as the main contributor (55%). The GHG intensity of CFP is 0.49 Mg CO2-eq Mg −1 yield. Figure 4 . The contribution of different sources to the lifecycle GHG emissions under different management scenarios using the APSIM model at Gongzhuling. CFP-current farmers' practice; N x St y: N and St denote nitrogen fertilizer and straw, respectively; x denotes N rate (kg ha −1 ), and y denotes the percentage of straw returned to field (%). Diesel fuel and coal represented the CO2-eq emissions from combustion, production, and transportation; N fertilizer, machinery, pesticides, P fertilizer, K fertilizer, and seeds represented the CO2-eq emissions from the production and transportation. Error bars show the 95% confidence intervals.
In the lifecycle GHG emissions (GHGL) of CFP (N200St10) in the 45-year simulation, emissions from N fertilizer input and direct N2O emissions are dominant, accounting for 38.0% and 21.5%, respectively, followed by emissions from P fertilizer input (9.5%), diesel fuel input (8.8%), dSOC (7.9%), and machinery input (6.7%). The total emissions from pesticides input, indirect N2O emissions, K fertilizer input, and seeds input only account for 7.6% of GHGL.
Under 10% straw retention with an optimized N rate (N175St10), dSOC, N2Od, and N2Oi show the same trend as CFP (N200St10) in the simulation (Figure 4b ). In the 45-year simulation, the total soil GHG emissions under the N175St10 scenario are 160 kg CO2-eq ha −1 yr −1 lower than CFP, mainly resulting from the reduction of N2Od from soil, and the total GHG emissions from agricultural inputs is 208 kg CO2-eq ha −1 yr −1 less than CFP (Figure 4e ), due to the reduction of N fertilizer consumption. The emissions reduced from fertilizer production and transportation is nearly equal to that reduced from direct N2O emissions when the N rate decreased by 24 kg N ha −1 . GHG intensity under the N175St10 scenario decreases to 0.46 Mg CO2-eq Mg −1 yield. Figure 4 . The contribution of different sources to the lifecycle GHG emissions under different management scenarios using the APSIM model at Gongzhuling. CFP-current farmers' practice; N x St y: N and St denote nitrogen fertilizer and straw, respectively; x denotes N rate (kg ha −1 ), and y denotes the percentage of straw returned to field (%). Diesel fuel and coal represented the CO 2 -eq emissions from combustion, production, and transportation; N fertilizer, machinery, pesticides, P fertilizer, K fertilizer, and seeds represented the CO 2 -eq emissions from the production and transportation. Error bars show the 95% confidence intervals.
In the lifecycle GHG emissions (GHG L ) of CFP (N200St10) in the 45-year simulation, emissions from N fertilizer input and direct N 2 O emissions are dominant, accounting for 38.0% and 21.5%, respectively, followed by emissions from P fertilizer input (9.5%), diesel fuel input (8.8%), dSOC (7.9%), and machinery input (6.7%). The total emissions from pesticides input, indirect N 2 O emissions, K fertilizer input, and seeds input only account for 7.6% of GHG L .
Under 10% straw retention with an optimized N rate (N175St10), dSOC, N 2 Od, and N 2 Oi show the same trend as CFP (N200St10) in the simulation (Figure 4b ). In the 45-year simulation, the total soil GHG emissions under the N175St10 scenario are 160 kg CO 2 -eq ha −1 yr −1 lower than CFP, mainly resulting from the reduction of N 2 Od from soil, and the total GHG emissions from agricultural inputs is 208 kg CO 2 -eq ha −1 yr −1 less than CFP (Figure 4e ), due to the reduction of N fertilizer consumption. The emissions reduced from fertilizer production and transportation is nearly equal to that reduced from direct N 2 O emissions when the N rate decreased by 24 kg N ha −1 . GHG intensity under the N175St10 scenario decreases to 0.46 Mg CO 2 -eq Mg −1 yield.
Under 30% straw retention with an optimized N rate (N175St30), there is little change in SOC across multiple years of simulation (Figure 4c ), which means that the soil is nearly in balance for SOC. In the 45-year simulation, total soil GHG emissions (GHG-soil) are reduced by 294 kg CO 2 -eq ha −1 yr −1 when compared with N175St10. The total GHG emissions from agricultural inputs (GHG-input) under N175St30 are increased by 100 kg CO 2 -eq ha −1 yr −1 compared to N175St10 (Figure 4e ), and the emissions of diesel oil consumed in the additional rotary tillage offset about one third of the sequestrated CO 2 as a result of returning 20% of the maize straw burned or abandoned in CFP to the field. The yield difference between CFP and N175St30 is smaller than that between CFP and N175St10, and GHG intensity under N175St30 falls to 0.43 Mg CO 2 -eq Mg −1 yield. Under 80% straw retention with an optimized N rate (N175St80), soil is always a carbon sink during the simulated period, but the carbon sequestration rate decreases over time (Figure 4d ). After 45 years, total soil GHG emissions (GHG-soil) are reduced by 658 kg CO 2 -eq ha −1 yr −1 compared with N175St30. However, when half of the straw used as household fuel was replaced with coal, the carbon sequestration rate is negligible compared with emissions from coal (3.98 Mg CO 2 -eq ha −1 ) (Figure 4e ), and GHG intensity under N175St80 reaches up to 0.83 Mg CO 2 -eq Mg −1 yield. Thus, it is impractical to mitigate GHG emissions without considering the subsequent emissions linked to the change of residue management in the scenario analysis.
Discussion
Nearly Optimal for Crop Production in Terms of N and Residue Management
The optimized N rate of 175 kg N ha −1 is comparable to the upper value of the optimum N rate (159 ± 19 kg N ha −1 ) of spring maize in four-year experiments (2010-2013) at the Fujiajie site [52] , 40 km from the Gongzhuling site, but is higher than the recommended average N rate of 161 kg N ha −1 for spring maize of northeast China in X, et al. [53] . The lower optimized N rate in the experiments could be attributed to the short-term impact of residual soil N from preceding N fertilization [54] .
The current farmers' N application rate in our study is only 24 kg N ha −1 higher than the optimized N rate, while the surveyed farmers' N input in the south part of NEC, southwest China, and east part of northwest China was 62, 73, and 61 kg N ha −1 higher than the recommended N rate of the corresponding region, respectively [55] . Additionally, when the straw retention rate changed from 10% to 30% for CFP, there was no significant increase for crop yield in our simulation (p = 0.89). Therefore, N and residue management in the surveyed region of NEC are nearly optimal for crop production.
Model Performance for Simulating N 2 O Emissions and SOC Change
Besides the comparison between simulated and observed N 2 O emissions in our experiment (Figure 1d ), there is also general agreement between the average annual N 2 O emission simulated by APSIM and values measured in previous experimental studies in response to N application rates in NEC ( Figure 5 ). Considering the potential errors in N 2 O measurements and the consistent response of simulated N 2 O emissions to the drivers (NH 4 + , NO 3 − , and rainfall), we believe that the model offers an acceptable option, at least in relative terms, to explore the impact of management change on N 2 O emissions from soil. In addition, our simulation results in Figure 3c indicated that the direct emission factor of N 2 O from soil was not the same under different N input rates, and it positively correlated with N application rates. For SOC under current farmers' practice, soil carbon (0-20 cm) was simulated to decline at a slow rate of 0.09 Mg C ha −1 yr −1 in the first 20 years, which is consistent with the average SOC change rate of − 0.08 Mg C ha −1 yr −1 , estimated from the comparison between six soil sample points in 1980 and that in 2002 at the same locations of Gongzhuling County by assuming the soil bulk density of the six sample points are the same as that in our experiment [61] . An average SOC change rate of - For SOC under current farmers' practice, soil carbon (0-20 cm) was simulated to decline at a slow rate of 0.09 Mg C ha −1 yr −1 in the first 20 years, which is consistent with the average SOC change rate of −0.08 Mg C ha −1 yr −1 , estimated from the comparison between six soil sample points in 1980 and that in 2002 at the same locations of Gongzhuling County by assuming the soil bulk density of the six sample points are the same as that in our experiment [61] . An average SOC change rate of −0.10 Mg C ha −1 yr −1 has been estimated from 51 soil sample points in 1980 and 70 soil sample points in 2000 at Gongzhuling County [62] . This confirms that APSIM could accurately simulate SOC change.
GHG Emissions and Emission Factor of Agricultural Inputs
The total GHG emissions of 4.37 kg CO 2 -eq ha −1 under current farmers' practice in this study is comparable to the corresponding values in Liaoning and Jilin Province, which are 4.11 and 4.47 kg CO 2 -eq ha −1 respectively [63] . GHG intensity under the optimized N rate with 10% straw retention (N175St10, 45 years) in Gongzhuling (0.46 Mg CO 2 -eq Mg −1 yield) is higher than the average value (0.33 Mg CO 2 -eq Mg −1 yield) for spring maize in Shannxi, Shanxi, and Beijing of China [18] , where the average yield level (8.7 Mg ha −1 ), average optimal N rate (181 kg N ha −1 ), and straw management are similar to that of N175St10. This can be explained by the inclusion of the impacts of SOC change (7.9%) and machinery input (6.7%) in the calculation of the lifecycle GHG emissions and the slightly higher emission factors of agricultural inputs other than N fertilizer (see Supplementary Materials Table S1 ).
In our study, we estimated the CO 2 -eq emission factors for diesel fuel, P 2 O 5 , and K 2 O in China from a lifecycle perspective. The emission factors for production and transportation of N, P, and K fertilizer in this paper are all higher than that used in He et al. [19] , Zhang et al. [63] , and Grassini and Cassman [8] . We attributed the differences to the calculation boundary and energy consumption of fertilizer production. In addition, we calculated the emissions of machinery input on cropland in Tieling. It is higher than the values used in the USA [64] , which can be attributed to the reduced operating area per year and lower energy efficiency of machinery in China.
Limitations and Suggestions
Process-based modelling can extend the results from a short-term field experiment to predict the long-term effect of management practices and climate variability on grain yield and soil GHG emissions, especially for SOC change, which is tended to be ignored when estimating GHG emissions of different management in the short term [8] [9] [10] [11] . The limitation of this method is that the model needs to be calibrated and validated against the experimental data before its application in other regions. However, more than 13 thousand site years of field trials for main crop (maize, wheat and rice) were conducted in last ten years in China [15] , which could be used to improve models' performance on the simulation of crop growth and soil GHG emissions. When combining with LCA, we can further explore GHG mitigation potential by optimizing management while still maintaining crop yield in different agroecological zones of China.
It is not feasible to incorporate the straw used as household fuel into soil in terms of lifecycle GHG emissions. The straw is commonly used for heating and cooking in rural houses of NEC. It could substitute fossil fuel and off-set CO 2 emissions, but it also generates indoor air pollution and jeopardizes people's health [65] . Thus, it is important to develop more efficient utilization ways with less air pollution, such as improving the heat efficiency of biomass combustion systems in rural households, utilizing straw as raw material for power generation, etc. In addition, the SOC balance in agricultural soil could benefit agricultural sustainability [4] . Our results show that SOC is nearly in balance under 30% of straw retention. In future, it would be necessary to mitigate GHG emissions by optimizing management while still maintaining crop yield and SOC balance, which could determine the amount of straw retention without impacting soil quality.
A great mitigation potential exists in technology innovation of N fertilizer production. If the emission factor of N fertilizer from production and transportation can be reduced from the current 8.3 kg CO 2 -eq kg −1 N to 5.8 kg CO 2 -eq kg −1 N with more advanced technologies in the future [66] , the GHG intensity of 175 kg N ha −1 with 30% straw retention (N175St30) will be decreased from 0.43 to 0.39 Mg CO 2 -eq Mg −1 yield. Moreover, under the optimized management (N rate of 175 kg N ha −1 with 30% straw retention), additional rotary tillage will incur more costs to the farmer. Therefore, a comprehensive economic evaluation will be required for the adoption of mitigation strategies in the future.
Conclusions
A combination of modelling and lifecycle assessment in agricultural systems is required to develop sustainable management strategies to secure food supplies and reduce GHG emissions. Our results demonstrates that current farmers' practice in terms of N application and residue management are nearly optimal for crop production but not for climate change mitigation. The N fertilizer rate could be reduced by 13% without sacrificing crop yield and the amount of straw retention could be increased by 20% to inhibit soil organic carbon loss. This in turn led to a reduction in GHG L and GHG I by 13% and 11%, respectively, mainly attributed to the SOC change, decrease in emissions from the production and transportation of N fertilizer, and direct N 2 O emissions from soil. However, it is not feasible to incorporate the straw used as household fuel into soil, which would incur substantial CO 2 emissions due to the substitution of coal for straw.
